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ABSTRACT 
Jamie L. Smedsmo:  Surface Water Nitrate Variability in North Carolina:  Estimation 
from Monitoring Data, Land Use, and Point Sources 
(Under the direction of Marc Serre) 
 In this study, we estimate nitrate concentrations across the state of North 
Carolina to improve monitoring and management of nitrogen over-enrichment. Riverine 
nitrate concentrations were estimated at times and locations where it was not observed 
using a combination of land use regression and space/time geostatistics. We 
demonstrate how the two methods are complimentary, with an increase in R2 from 0.21 
with the land use regression only model to R2 0.73 with the combined model. The time-
averaged land use regression model identified source variables including (1) Developed 
Areas (2) Manure Mass (3) NPDES Point Sources (4) Septic Sewer System Density (5) 
Wastewater Treatment Residual Fields; Waste Treatment Residuals have not 
commonly been identified previously as important at a large area scale.  Maps of 
riverine nitrate concentrations show strong spatial patterns, with higher concentrations 
near the urban areas in the Piedmont region and lower concentrations in the Blue Ridge 
and Plains regions.   
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CHAPTER 1:  INTRODUCTION 
Nitrogen is an essential nutrient that is naturally occurring in various chemical forms 
in lakes, rivers and streams.  However, through burning fossil fuels, increasing 
population density, and modern farming techniques, humans have enriched nitrogen in 
their environment (Galloway et al. 2004).  Much of this excess nitrogen eventually ends 
up in rivers, which transport it to downstream lakes and estuaries (Rorbert W. Howarth 
et al. 1996; Boyer et al. 2006; Boyer et al. 2002), where nutrient over-enrichment can 
lead to eutrophication (Schindler and Vallentyne 2008; Smith 1998; Paerl 1988).  In 
estuaries and coastal areas, eutrophication due to nutrient over-enrichment is 
associated with nuisance algal blooms (Paerl 1988) oxygen-depletion, or dead-zones 
(Rabalais et al. 2010; Diaz 2001), and harmful algal blooms (Van Dolah 2000; 
Burkholder et al. 1992).  In inland lakes, the role of nitrogen in eutrophication is more 
controversial (Schindler et al. 2008; Lewis, Wurtsbaugh, and Paerl 2011) but it does 
contribute to the eutrophication of several lakes in North Carolina (NCDWQ 2015; 
NCDWQ 2009; NCDWQ 2007). 
Ambient water quality problems, including eutrophication issues in rivers, streams, 
lakes and estuaries are generally regulated under sections 303b and 305d of the Clean 
Water Act (Reckhow et al. 2001; USEPA 2015).  As part of the Clean Water Act, states 
are required to survey streams, lakes and rivers every two years and report results to 
the EPA. Once a water body is listed as impaired a Total Maximum Daily Load (TMDL) 
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study must be completed in order to identify the cause of impairment and create a 
strategy to correct the problem (USEPA 2009).  These TMDL studies rely on monitoring 
data as well as models to guide water quality management decisions; monitoring data 
are also needed to track progress toward correcting water quality problems (Reckhow et 
al. 2001).  
Because monitoring data are limited in space and time, the data are often used in 
conjunction with modeling to address water quality management decisions. Land use 
regression is commonly used to develop simple models to understand how landscape 
characteristics affect water quality.  However, most focus on small watersheds, with 
perhaps a limited number of processes controlling nitrate export (Golden et al. 2009; 
Schoonover and Lockaby 2006; Buck, Niyogi, and Townsend 2004; Arheimer and Lidén 
2000).  Of the larger scale studies, most focus on nitrate (or total nitrogen) load (the 
product of concentration and flow) rather than concentration (Nina F Caraco and Cole 
1999; Alexander et al. 2002; Hoos and McMahon 2009; McMahon, Alexander, and Qian 
2003; Alexander et al. 2008). Few studies have looked at influences on nitrate 
concentration from a large, very diverse set of monitoring stations (Herlihy, Stoddard, 
and Johnson 1998; Strayer et al. 2003; Cuevas et al. 2006; Evans et al. 2014; Schilling 
and Libra 2000).  Land use regression studies on larger area scale are needed to 
understand the emergent landscape characteristics affecting water quality. 
However, a large area scale land use regression model may have limited predictive 
capabilities, because the hydrologic and biogeochemical processes controlling nitrogen 
cycles in rivers are complex.  Geostatistics has proven to be a good predictive tool to 
estimate water quality variables at times and locations that were not observed based on 
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surrounding observations (Akita, Carter, and Serre 2007; Money, Carter, and Serre 
2009a; Money, Carter, and Serre 2009b; Coulliette et al. 2009; Jager, Sale, and 
Schmoyer 1990; Li et al. 2006).  Going a step further, geostatistics may be used to 
combine model estimates with observations, improving on estimates from either method 
alone (Messier et al. 2014; Messier, Akita, and Serre 2012; LoBuglio, Characklis, and 
Serre 2007; Yang and Jin 2010). 
The objective of this study is to develop a method to estimate concentration of 
nitrate statewide at times and locations where it has not been observed and to use 
those estimates to better understand space/time variability of riverine nitrate in North 
Carolina.  The estimate will be produced with a combination of a land use regression 
model and space/time geostatistics.  Using the geostatistical approach provides several 
advantages over land use regression or watershed modeling alone.   First, the estimate 
will be over large areas and time-dependent, providing daily estimates of nitrate 
concentration on any stream or river in the state.  Second, the geostatistical approach 
benefits from the exactitude property, meaning that estimates converge to measured 
values (with an error equal to the observation error) at the time and location where 
measurements occurred.  Third, an estimate of the error is provided along with the 
concentration value itself. 
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CHAPTER 2:  METHODS 
Study Area 
The study area includes rivers and streams in the state of North Carolina (Figure 1).  
North Carolina includes four distinct Level III EPA ecoregions (Omernik and Griffith 
2014).  The western, Blue Ridge region is characterized by areas of steep terrain and 
forest landcover.  The central, Piedmont region includes large developed areas, 
including the Raleigh-Durham and Charlotte areas. The Piedmont also contains the 
headwaters of several large rivers that flow through the Plains to the Atlantic coast in 
North and South Carolina.  The eastern, Plains regions (Southeastern and Atlantic 
Coastal) are characterized by flat terrain and are home to many swine feedlots.  
 
Figure 1.  Nitrate monitoring stations in North Carolina (purple dots) overlaid on 2006 
NLCD Land Cover (Fry et al. 2011) with outlines of EPA ecoregions (Omernik and Griffith 
2014).  The purple dots indicate locations of monitoring stations, with the size of the dots 
indicating the magnitude of time-averaged Nitrate concentrations at that station.   
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Nitrate Data 
Surface water quality in North Carolina is routinely monitored through two primary 
networks of stations (1) the ambient monitoring system, administered by North Carolina 
Department of Environment and Natural Resources, Division of Water Quality 
(NCDWQ) and (2) several groups of monitoring coalitions.  The goals of the ambient 
monitoring system are to monitor water bodies of interest, to identify locations where 
water quality standards are exceeded and to understand temporal and spatial water 
quality patterns around the state.  Secondary goals support other Division of Water 
quality programs including basinwide water quality management plan development, 
biennial 305(b) and 303(d) reporting to EPA, TMDL development, and development of 
NPDES permit limits (Thomas 2014).   
The monitoring coalitions consist of groups of stakeholders that combine resources 
to monitor water quality in a particular watershed.  These stakeholders often include 
NPDES point source dischargers or drinking water permit holders that use the 
monitoring to fulfill the ambient monitoring requirements associated with their permit.  
These data are stored in the EPA STORET databases.  Samples are drawn monthly, or 
in some case more frequently, from water quality monitoring stations (NCDWQ 2015). 
Since many of these monitoring data are intended to address specific goals related 
to water quality problems and NPDES point source discharges, they are not expected to 
provide a representative sample of ambient water quality conditions in North Carolina.  
Rather, they will likely be biased towards poor water quality conditions.  Additional 
biases may arise due preferential sampling during non-stormy weather conditions, when 
nonpoint pollution would be highest (Thomas 2014).  
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Nitrate concentrations data for all of North Carolina rivers and streams from the 
period 2000-2012 were downloaded from the EPA STORET website.  These data are 
the result state ambient monitoring system, coalition monitoring, as well as field studies 
by EPA and its partners.  The Department of water quality and coalition monitoring 
programs measure the total concentration nitrate (NO3-) and nitrite (NO2-) together.  
However, since nitrite is unstable under normal water conditions (Howarth 2010), nitrite 
concentrations are expected to be negligible compared to nitrate (Dubrovsky et al. 
2010).  For simplicity, the measured quantity “nitrate+nitrite concentrations” will be 
referred to as simply nitrate throughout the remainder of this document.  Note that the 
unit of measurement is mg/L nitrate as N. 
The nitrate concentrations are positively skewed with a mean of 1.16 mg/l and 
standard deviation 2.57 mg/l.  To normalize the distribution of the data, the land use 
regression was completed using the natural logarithm of the time-averaged data at each 
station and the geostatistics were completed using the natural logarithm of the 
observations.  Six percent of the data were below the limit of detection, which varied 
from 0.001 to 0.1 mg/l, with most in the 0.01 to 0.02 mg/L range.  For these data points, 
the value was set to half of the detection limit. The log of the temporally averaged data 
was used for the land use regression model, eliminating stations with fewer than 13 
observations during the 13-year period, resulting 483 monitoring stations 
Land Use Regression Variables 
Closely following a previous model that was developed for groundwater nitrate in 
North Carolina (Messier et al. 2014), independent variables for the land use regression 
(LUR) model were developed at each monitoring station using spatial data describing 
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the sources of nitrate, and its transport and attenuation within the watershed (Table 1).  
Sources of nitrate in rivers include point sources, such as waste water treatment plants, 
and diffuse, non-point sources such as runoff and seepage from developed and 
agricultural areas in tributary watersheds (USEPA 2009; Dubrovsky et al. 2010). The 
categories of variables described in Table 1, were refined and processed to create a 
detailed set of variables at each monitoring station.  This full set of independent 
variables (Appendix A) was input to a variable selection procedure, described below, to 
select a smaller set of independent variables used in the final land used regression 
model. Independent, explanatory variables for the Land Use Regression were selected 
from the middle of the study period (2006-2007) whenever possible to provide a general 
representation of conditions during the study period.  For full details on processing 
procedures see the supplementary materials in (Messier et al. 2014). 
Table 1.  Land Use Regression Explanatory Data 
Point Sources Nonpoint Sources Transport and 
Attenuation 
NPDES Permitted Facilities Groundwater Nitrate Soil Hydrologic Conditions 
Swine CAFOs1 Farm Fertilizer Histosol Soils 
Poultry CAFOs Nonfarm fertilizer Undeveloped Land Uses 
Cattle CAFOs Manure Slope 
Swine waste lagoons Atmospheric deposition Topographic wetness index 
Solid wastewater treatment 
residual fields 
Septic Sewer Systems Agricultural water 
withdrawals 
 Developed land uses Undeveloped land uses 
 
The spatial extent of variables was limited to the tributary watershed for each 
monitoring station.  Watersheds were delineated using the Topotoolbox (Schwanghart 
and Scherler 2014) for Matlab 2012b.  Additional spatial information about the scale of 
processes influencing each variable was represented by a hyperparameter for each 
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variable.  This hyperparameter limited the inputs to a set distance upstream from the 
monitoring station.  The range of hyperparameters allowed was decided through 
preliminary investigation that looked at the fit of linear regression using a large range of 
values.  On plots of R2 versus range, an inflection point generally occurred around fifty 
kilometers, with the rate of increase in R2 very slow after 50 km. Therefore, fifty 
kilometers was selected as the longest hyperparameter value in order to limit boundary 
effects and to limit regional effects on variable selection.  The hyperparameter was used 
in slightly different ways for point sources and nonpoint sources. 
Point sources inputs were expressed as the sum of individual sources exponentially 
decaying over the flow distance to the monitoring station.  The predictor variable k, at 
estimation station i, using the kth hyperparameter is calculated as 
𝑌!(!) = 𝑐0!exp − 3𝑑!"𝜆!                                                                                                                                                                 (1)!"#$%&'!!!  
where 𝑐0! is the magnitude of the source m, 𝑑!" is the distance between source m and 
monitoring station i, and 𝜆! is the kth hyperparameter.  Using this formulation sources 
closer to the monitoring station have a stronger influence than those farther away and 
sources more than 𝜆! away from the monitoring station have negligible influence. 
Nonpoint sources were calculated as the sum or average of variables in the tributary 
watershed of a monitoring station.  Hyperparameters were simply used to restrict the 
distance upstream from monitoring station that was considered, by using the 
intersection of watershed and a circular buffer around monitoring station.  This same 
processing procedure was used for transport and attenuation terms.  
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An additional processing step was completed for inputs represented as a mass.  As 
a rough approximation of the dilution effect, the input mass was divided by the mean 
annual flow at the monitoring station.  In this way, inputs to small streams should have a 
larger influence on concentration than inputs to large rivers. 
Land Use Regression (LUR) 
Time-averaged estimates of nitrate can be estimated anywhere in the state using a 
land use regression model.  We used a nonlinear land use regression model to estimate 
the logarithm of the time-averaged nitrate concentrations.  The nonlinear model has 
linear source terms modified by exponential transport and attenuation terms as given in 
the following equation: 
𝑧! =  𝛽! + 𝛽!𝑌! ! (𝜆!)!!!! exp −𝛾!𝑌! ! 𝜆!!!!! exp 𝛿!𝑌! ! 𝜆!!!!! + 𝜀!                         (2) 
where 𝑧! is the log–transform of time-averaged nitrate concentration at monitoring 
station i, 𝑌! ! 𝜆!  is the k-th source predictor variable at monitoring station i with 
hyperparameter value λk, 𝛽!  is the k-th source regression coefficient, 𝑌! ! 𝜆!  is the l-th 
attenuation predictor variable at monitoring station i with hyperparameter value 𝜆!, 𝛾! is 
the l-th attenuation regression coefficient, 𝑌! ! (𝜆!) is the m-th transport predictor 
variable at monitoring station i with hyperparameter value 𝜆!, 𝛿! is the m-th transport 
regression coefficient, and εi is an error term.  
This model is based on models developed for groundwater nitrate concentrations in 
North Carolina (Messier et al. 2014) and the US (Nolan and Hitt 2006), which is based 
loosely on the SPAtially Referenced Regression On Watershed attributes (SPARROW) 
  10 
model (G. E. Schwarz, Hoos, and Smith 2006).  The idea behind the model is that the 
amount of nitrate from a give source, 𝑌! ! , that reaches a monitoring will be affected by 
the environment through which it flows.  Attenuation terms, 𝑌! ! , represent soil and river 
conditions that promote denitrification, reducing the amount of nitrate that is observed in 
the stream.  Transport terms, 𝑌! ! , may either reduce the nitrate reaching the stream or 
make it easier for the nitrate to reach the stream, thereby increasing nitrate 
concentrations observed. 
There are important differences between the model used here and the typical 
SPARROW nitrogen model (e.g. Hoos and McMahon 2009; McMahon, Alexander, and 
Qian 2003).  Firstly, instead of estimating concentration, these models estimate the load 
of nitrogen in rivers.  Secondly, the dependent variable (load) is not log transformed.  
Finally, the SPARROW model is much more physically based in that nitrogen load is 
accumulated at points along the stream and then attenuated during transported to the 
next point downstream with attenuation terms representing losses that occur during that 
transport through streams and reservoirs that are directly included in the model. This 
means that (1) the dependent variable (load) in SPARROW models is more uncertain 
than the dependent variable used here (concentration) and  (2) the SPARROW model 
has a much stronger physical basis than the model used here. 
Model selection and fitting also followed the procedure developed by Messier et al. 
2014, using the constrained forward nonlinear regression with hyperparameter 
optimization (CFN-RHO) algorithm.  This algorithm uses a stepwise procedure to select 
which model source, transport, and attenuation variables (𝑌! ’s in equation 2) and which 
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of their associated hyperparameters (𝜆’s in equation 2) to include in the land use 
regression model.  The essential steps of the algorithm are as follows: 
(1) The initial source variable is selected using a linear regression on each 
variable and each hyperparameter separately.  The variable and its 
hyperpameter that produced the best fit (based on R2) were selected as the 
initial source variable 
(2) The initial attenuation or transport variable is selected with a nonlinear 
regression on each variable and its hyperparameter separately using the 
initial source variable selected in (1).  The variable and its hyperpameter that 
produced fit (based on R2) were selected as the initial source variable. 
(3) New variables were added in a stepwise regression.  Each variable was 
added one at a time to the nonlinear model, the variable and its 
hyperparameter that produced the best fit (based on R2) were added to the 
model. 
(4) No more variables were added when the Bayesian Information Criterion (BIC) 
(Burnham 2004; G. Schwarz 1978; Aho, Derryberry, and Peterson 2014) 
stopped decreasing with the addition of more variables. 
The model fit was evaluated with a10-fold cross-validation. 
Space/time geostatistics 
While the land use regression can be used to estimate time-averaged nitrate 
concentration in any stream reach in North Carolina, space/time geostatistics can be 
used to estimate nitrate concentration in any reach and at any point in time. Point level 
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estimates were made using the Bayesian Maximum Entropy (BME) method of modern 
spatiotemporal geostastics. BME provides a method to combine general knowledge 
about a space/ time random field with site-specific knowledge.  BME reduces to the 
kriging methods of linear geostatistics when the general knowledge base is restricted to 
the mean and covariance functions, and the data is restricted to hard data and soft data 
with Gaussian distributions. (G. Christakos, Bogaert, and Serre 2002; Serre and 
Christakos 1999; George Christakos 1990).   
To estimate point level values, we use the following procedure.  Let 𝑍 𝒑  represent 
the space/time random field of the log nitrate across North Carolina, where 𝒑 = (𝒔, 𝑡) is 
the space (s) and time (t) coordinate.   
(1) Generate a set of realizations 𝑥!  of a stationary space/time random field 𝑋 𝒑   by subtracting an offset 𝑀! 𝑝!  from the observed field 𝑥!  𝑥! = 𝑧! −𝑀! 𝑝!                                                                                                                                                                                       (3) 
(2) Fit a covariance model to observed covariance using the generalized least 
squares method (Cressie 1992) 
(3) Estimate 𝑥! at a new space/time location based on the general knowledge 
given by the covariance model from step (2) and the site-specific knowledge 
given by the set of observations 𝑥!  
(4) Convert the estimate 𝑥! back to the variable of interest 𝑧! by adding the offset 𝑀! 𝑝! .  The point level estimate of nitrate concentration is taken as the 
geometric mean of the kriging estimate (i.e. 𝑒!!). 
  13 
To investigate the effect of using land use regression in the BME estimates, two 
choices were considered for the offset, 𝑀!(𝒑) (1) constant offset estimated by the 
arithmetic average of the set of observations 𝑥!   (BME model) and (2) land use 
regression as offset (LURBME model).  The goodness of fit of two methods was 
evaluated using a ten-fold cross-validation. 
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CHAPTER 3:  RESULTS 
Land Use Regression 
The independent variables selected by the stepwise regression for inclusion in the 
time-averaged land use regression model (LUR) are summarized in Table 2.  The 
sources variables selected include Percent Developed Open, Manure Mass, NPDES 
Point Source Loads, Waste Treatment Residual Fields, and Septic Sewer Density.  This 
indicates that higher nitrate concentrations are found downstream from developed 
areas, areas with high agricultural animal production, and areas with high concentration 
of septic system usage.  Higher concentrations are also found downstream from 
NPDES point sources (including waste water treatment plants and industrial sources of 
nitrate), as well as fields where wastewater solid residuals have been applied.  Percent 
Developed Open shows the strongest relationship with nitrate concentrations based on 
the single-variable R2.  These results indicate that higher nitrate concentrations are 
associated with runoff from developed areas as well as human and animal waste.  
The only attenuation variable selected is surface water withdrawal for agricultural 
irrigation, indicating that lower nitrate concentrations are found downstream from areas 
with high surface water irrigation.  This is in agreement with previous studies that have 
attributed this affect to high denitrification rates in irrigated soils (Brown, Sprague, and 
Dupree 2011).  The only transport variable selected, Hydrologic Soil Group C (a group 
of relatively impermeable soils), is associate with increased concentrations of nitrate.  
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The hyperparameter selected for source variables was always 50 km, or the longest 
range allowed. These source variables likely do represent regional effects, especially in 
the Piedmont Region, where the population of North Carolina is concentrated.  In 
contrast to source variables, the transport and attenuation hyperparameters are much 
shorter, representing effects within 2 km of the monitoring station. 
Table 2.  Time-averaged Land Use Regression (LUR) variables selected for model of 
the log of time-averaged nitrate.  For each variable, the table gives its unit, its 
hyperpameter range value (km), and the value of its regression coefficient, as well as the 
standard error of that regression coefficient. The final column gives the R2 for single 
variable linear model (not the full model).  Note that source variables are linear in log 
nitrate, while the attenuation and transport variables are exponential (equation 2). 
Variable1 Type Units Range 
(km) 
Coefficient Coef. 
Std. 
Error 
Linear 
R2 
Constant  log 
(mg/L 
nitrate) 
 -2.078 0.1035     NA 
Percent 
Developed 
Open 
Source percent 50 0.0399 0.00775 0.15 
Manure Mass Source kg yr-1 50 0.852 0.119 0.013 
NPDES Point 
Source Load 
Source kg m-3 50 10.1 2.07 0.088 
Wastewater 
Treatment 
Residuals 
Source unitless 50 0.0333 0.0071 0.034 
Septic System 
Density 
Source septic 
system 
mi-2 
50 0.00701 0.00253 0.13 
Surface Water 
Withdrawals 
Attenuation Mgal 
day-1 
2 -41.4 8.9082 NA 
Hydrologic 
Soil Group C 
Transport percent 2 0.00583 0.00151 NA 
1 all variables significant at p-value < 0.025.  
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Finally, the robustness of the variable selection procedure was confirmed with a 10-
fold cross-validation (Table 4 of Appendix B), reselecting explanatory variables after 
removing 10% of the monitoring stations at a time.  All but one of the variables selected 
for the overall model (Table 2) were selected ten out of ten times.  The only exception 
the septic system density variable, which is selected seven out of ten times.  This cross-
validation provided strong evidence that the model is robust and supports consistent 
interpretation of explanatory variables across the state of North Carolina. 
Space/time Geostatistics 
Initially, two separate covariance models were fit, consisting of a time-independent 
spatial model that was fit to experimental covariance values calculated based on pairs 
of observations that were taken on the same day, and a space-independent temporal 
model that was fit to experimental covariance values calculated based on pairs of 
observations taken at the same location (Figure 2).  These two models were then 
combined multiplicatively to make a space/time separable model.  The covariance 
model obtained from residuals calculated using a constant offset is given by equation 
(4) and the covariance model obtained from residuals calculated using the LUR offset is 
given in by equation (5). 
Figure 2 demonstrates that log nitrate observations have long temporal 
covariance, but short spatial covariance.  This suggests the best estimate at a given 
location will be largely determined by previous observations at that location.  Therefore, 
at any location where nitrate has never been measured, space/time geostatistics alone 
will likely provide a poor estimate (BME).  However, that estimate may be improved 
when the space/time geostastical method is combined with an independent spatial 
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model such as land use regression (LURBME), as is demonstrated by the cross-
validation statistics. 
 
Figure 2.  Spatial (top) and temporal (bottom) covariance models with constant 
offset.  The two independent models were combined to make the space-time separable 
model. 
𝐶! 𝑟, 𝜏 = 2.73     0.56   exp − 3𝑟3.69  𝑘𝑚 + 0.44 exp − 3𝑟167𝑘𝑚∗   0.20   exp − 3𝜏32.0  𝑑𝑎𝑦𝑠 + 0.80 exp − 3𝜏7305𝑑𝑎𝑦𝑠                                                         (4) 
𝐶! 𝑟, 𝜏 = 2.06     0.73 exp − 3𝑟0.252  𝑘𝑚 + 0.27 exp − 3𝑟202  𝑘𝑚∗   0.34   exp − 3𝜏40.9  𝑑𝑎𝑦𝑠 + 0.66   exp − 3𝜏7305𝑑𝑎𝑦𝑠                                                       (5) 
Model Comparison 
Results of the 10-fold cross-validation statistics are summarized in Table 3.  The 
LUR model has an R2 of 0.37 when estimating the time-averaged log nitrate and an R2 
of 0.21 when estimating point-level log nitrate.  For estimating point-level log nitrate for 
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stations with no observations (center column) the LUR model and the LURBME model 
are almost indistinguishable, and the BME only model is not as good.  However, the 
BME model and LURBME model do a much better job at estimating individual log 
nitrate observations from stations with some observations at other points in time (right 
column) with R2 greater that 0.7. 
Table 3.  10-fold cross-validation statistics on log nitrate with (1) time-averaged data 
(column 1), (2) spatial cross validation (center column) and (3) temporal cross validation 
(right column). 
  Estimation of Log of Time-Averaged Nitrate 
Estimation of Log of 
observed Nitrate 
Estimation of Log of 
observed Nitrate 
Removing 10% of the 
stations at a time 
Removing 10% of the 
data at a time 
  R2 RMSE R2 RMSE R2 RMSE 
LUR 0.37 0.96 0.21 1.47 0.21 1.47 
Space/time 
BME - - 0.15 1.53 0.72 0.88 
Space/time 
LURBME - - 0.23 1.45 0.73 0.86 
The error variance time-series shown in Figure 3 are typical for estimates at a 
monitoring station and at an estimation point where no observations have been 
observed.  This figure shows error variance for estimates made every five days during 
the year 2006. At the monitoring station (red lines), the error variance decreases 
approximately every thirty days, when a sample is taken from this location. The error 
variance reaches exactly zero when the estimation point coincides exactly with a 
sampling day.  The error variance is slightly lower for the BME estimate than for the 
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LURBME estimate midway between sampling days because the spatial correlation is 
weaker for the LURBME estimate (equation 5) than for BME only (equation 4), so it 
derives less information from measurements taken at nearby stations. 
The error variance at the estimation point (blue lines) is much higher than the error 
variance at the monitoring station, approaching the variance of the data itself (2.7).  The 
error variance for the LURBME estimate is lower than the error variance for the BME 
only estimate because using the LUR offset reduces the variance in the residuals.  The 
same periodicity associated with monthly sampling is also apparent in the BME 
estimate, likely due to a sampling station nearby.  Toward the end of the year, a sample 
was taken at a station near the estimation point, so we see a dip in the error variance.  
The LURBME estimate exhibits dampened periodicity because of the weaker spatial 
correlation and therefore weaker dependence on monthly measurements made nearby. 
 
Figure 3. Time-series of estimation error variance for 2006 at a monitoring station and 
at an estimation point where no nitrate observations have been made. 
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Maps of error variance averaged over the entire study period for the Haw River in 
central North Carolina are shown in Figure 4.  The error variance away from monitoring 
stations is higher for the BME estimate than for the LURBME estimate, as indicated by 
the darker color.  For both estimates, the error is smallest near the monitoring stations. 
 
Figure 4. Error variance for log nitrate estimates In the Upper Cape Fear River Basin 
using BME (left) and LUR+BME (right)  
Maps of time-averaged nitrate concentration using the three different estimation 
methods are shown in Figure 5.  The broad patterns of nitrate concentration using the 
three methods are similar.  However, estimates in locations far from any monitoring 
station will tend towards the mean value in the BME estimate.  But in the LURBME 
estimate, a better estimate is generated from the land use regression.  This is illustrated 
in Figure 6, which is the same as Figure 5, but zoomed in to the Haw River watershed in 
central North Carolina.  The LUR models predict higher than averaged concentrations 
on Bear Creek based on upstream watershed conditions, whereas the BME estimate 
tends toward the mean value, since there are no monitoring stations nearby. 
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Figure 5. Time averaged nitrate concentrations estimated by three different models.  
BME figures show the time average of estimates generated every five days. 
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Figure 6.  Time averaged nitrate concentration for the Haw River estimated by three 
different models.    BME figures show the time average of estimates every five days. 
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CHAPTER 4:  DISCUSSION 
In this study, we estimate nitrate concentrations across the state of North Carolina to 
improve monitoring and management of nitrogen over-enrichment.  The estimates are 
generated with space/time geostatistical method, which combines a spatial offset 
generated with land use regression and space/time point observations at a set of 
monitoring stations. The land use regression model, which estimates time-averaged 
nitrate concentrations across the state, identified explanatory variables related primarily 
to developed land use and delivery of human and animal waste.  The geostatistical 
analysis revealed that the observations exhibit stronger temporal correlation than spatial 
correlation.  The first contribution of this work is elucidating how the land use regression 
and space/time geostatistics provide complimentary methods to improve space/time 
point estimates of a surface water quality variable, with the land use regression 
improving estimates at locations where no observations are available and the 
geostatistics primarily improving estimates at monitoring stations between observation 
times.  While, the combination of a spatial model with geostatistics is not new (Messier 
et al. 2014; Messier, Akita, and Serre 2012; LoBuglio, Characklis, and Serre 2007; Yang 
and Jin 2010), this study demonstrates how the two are complimentary, with an 
increase in R2 from 0.21 with the LUR model to R2 0.73 with the LURBME model. 
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Land Use Regression 
The second contribution of this work arises from the land use regression variable 
selection procedure that provides insight into the factors affecting riverine nitrogen 
export at a statewide scale in North Carolina.  Few previous studies have been 
identified that attempt to relate landscape factors to riverine nitrate concentration over 
such a large area using a large and diverse set of monitoring stations and no such 
studies have been identified for North Carolina.  The scope of the study allows 
interpretation of these landscape factors that are consistently related to riverine nitrate 
over the large area covered by North Carolina, and it provides useful insights into the 
emergent factors affecting riverine nitrate concentrations over this large area. 
Our land use regression model identified developed land use and human and animal 
waste as the source variables associated with riverine nitrate (Table 2).  These nitrogen 
sources have been identified in previous studies of riverine nitrate loading on a global 
scale (Nina F Caraco and Cole 1999) as well as studies of riverine total nitrogen loading 
for the United States and the southeastern region of the United States (McMahon, 
Alexander, and Qian 2003; Hoos and McMahon 2009; Preston et al. 2011). We further 
divide the sources into (1) Developed Areas (2) Manure Mass (3) NPDES Point Sources 
(including Wastewater Treatment Plants) (4) Wastewater Treatment Residual Fields 
and (5) the density of Septic Sewer Systems.  While the first three factors are well-know 
sources of riverine nitrogen in North Carolina (e.g. Hoos and McMahon 2009; 
McMahon, Alexander, and Qian 2003; Lebo, Paerl, and Peierls 2012; Stow, Borsuk, and 
Stanley 2001; Costanza et al. 2008), the later are not commonly found in large-scale 
models.  Loading from septic systems (also called Onsite Waste Treatment Systems) is 
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generally not explicitly included in large area scale models, but it is often recognized as 
an important source of nitrogen to surface water locally (Jarvie et al. 2008; NCDWQ 
2013; NCDWQ 2009).  However, the association of land application of waste treatment 
residual fields with elevated concentrations of nitrate, at a statewide scale, is a new 
finding and a significant contribution of this work.  Previous studied have associated 
land application of wastewater treatment residuals (also called sewage sludge or 
biosolids) with elevated high nitrate concentrations in shallow groundwater (Tindall, Lull, 
and Gaggiani 1994) and seepage from mine reclamation sites where large volumes of 
biosolids have been applied or in semi-arid environments (Tian et al. 2006; Lu, He, and 
Stoffella 2012; Stehouwer, Day, and Macneal 2006).  In North Carolina, the land 
application of wastewater treatment residuals has been associated with increased 
groundwater nitrate concentrations at a single application site (Showers et al. 2006) and 
statewide (Messier et al. 2014), but this is the first study to show a large-scale 
association between surface water nitrate concentration and wastewater treatment 
residuals. 
Conspicuously missing from the source variables are row crops and atmospheric 
deposition, which many previous studies have associated with increased nitrate 
concentration (McMahon, Alexander, and Qian 2003; Hoos and McMahon 2009; 
Schilling and Libra 2000; Schilling and Spooner 2006; Nina F Caraco and Cole 1999; 
Yang and Jin 2010). Since atmospheric deposition is relatively uniform across the state, 
it is not surprising that it is not selected in the stepwise regression.   For row crops, or 
fertilizer application to row crops, there may be several explanations as to why they 
were not selected in the stepwise regression in this study.  First, as was mentioned in 
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the introduction, the dataset used for this study is expected to have a bias toward 
monitoring point sources (most often associated with urban areas). Second, in North 
Carolina, most the cultivated crops, and fertilizer application, occur in the eastern, plains 
regions where large rivers carry water from the headwaters in the Piedmont region to 
the coast.  So, even if loading from farm fertilizer applications near these large rivers 
was significant, the effect on concentration may be minimal, due to dilution in large 
rivers.  Third, nitrate removal processes in the landscape and in streams and wetlands 
may efficiently remove nitrate before it may reach the rivers; a recent SPARROW model 
for the southeastern US estimated that less than 12% of the nitrogen applied to 
agricultural land in North Carolina is delivered to streams (Hoos and McMahon 2009).  
Nitrogen fertilizers may be efficiently removed by uptake from the crops that they were 
meant to fertilize or by denitrification processes in the landscape and in water bodies.  
Finally, the nitrogen from farm fertilizers may be present in rivers in other forms, such as 
organic nitrogen or ammonium.  A preliminary analysis with total nitrogen (results not 
shown) suggests that this last option at least partly accounts for the missing nitrate from 
farm fertilizers. 
Spatial and Temporal Variability of Nitrate 
The third finding of this research comes from the insights gained from the temporally 
averaged maps of nitrate across North Carolina and animated maps that highlight the 
temporal variability of nitrate. Maps of riverine nitrate concentrations show strong spatial 
patterns (Figure 5), with higher concentrations near the urban areas in the Piedmont 
region.  Lower concentrations are found in the Blue Ridge and Plains regions. 
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A movie animating maps of nitrate from 2000 to 2012 can be found at 
http://www.unc.edu/depts/case/BMElab/studies/JS_N_NC/index.htm.  The movie shows 
that some streams have consistently high concentrations but others only exhibit 
transient episodes of high concentrations.  Estimates of high concentration are always 
associated with high error (bottom frame).  Two examples of streams with consistently 
high concentrations are shown in frames A and B at the top of the animation.  Frame A 
shows Richardson Creek in Union County and Frame B shows Bear Creek in Chatham 
County.  To determine the likely source of the persistent high concentrations (as 
estimated by the land use regression), maps of the predicted reduction in nitrate 
concentration that would occur if each source variable were entirely removed from the 
state are given in Appendix C.  For both of the highlighted streams, the likely source 
appears to be manure and, to a lesser extent, land application of waste treatment 
residuals. 
Limitations and Recommendations 
There are some inherent difficulties associated with modeling nitrate concentration 
at such a large number of monitoring stations located in diverse settings.  First, 
preliminary data analysis of the seasonal variability of nitrate concentrations suggested 
that nitrate dynamics at different stations is controlled by different processes (Appendix 
D).  For examples, when large wastewater treatment plants are located on small 
streams, as occurs for example near Greensboro and Charlotte, the average 
concentration may be very high and changes in concentration are controlled mostly by 
seasonal changes in flow (i.e. high concentrations during late summer dry periods).  In 
contrast, where wastewater treatment plants discharge to large rivers, very little change 
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in concentration is observed (e.g. Fayetteville).  Another mechanism entirely may 
influence nitrate dynamics in lakes; nitrate concentrations at monitoring stations located 
on lakes or just downstream from them are likely controlled by seasonal algal dynamics, 
with lower concentrations in late summer due to plant uptake.  These differences in 
nutrient controlling mechanisms may be difficult to capture with a land use regression 
model. 
Second, issues of scale may influence the sensitivity of nitrate concentrations to 
changes in land use in the watershed.  Small streams tend to exhibit higher spatial and 
temporal variance than larger rivers, due to the importance of local effects (Nina F 
Caraco and Cole 1999 and references there in).  In small streams, the stronger 
dependence may make the a land use regression more effective or it may be less 
effective simply due to the increased variability [e.g. Caraco et al., 2003; Strayer et al., 
2003]. On the other hand, in large rivers, it may be difficult to disentangle the effects of 
different tributary areas on nutrient concentrations and nutrient removal process [e.g. 
Schilling and Libra, 2000]. 
Stratifying the monitoring stations by some indicator of size, such as mean annual 
flow, or by some indicatory of location, such as ecoregion, may increase the amount of 
variation that is explained by the LUR model [e.g. Jordan et al., 1997; Herlihy et al., 
1998; Cuevas et al., 2006; Hoos and McMahon, 2009], by reducing regional and scale 
effects.  Additionally, modeling loading instead of concentration would address some of 
these problems. 
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The use of space-time geostatics in conjunction with land use regression shows 
great potential to provide a statewide picture of the dynamics of nutrient concentrations 
across the state.  These estimates may be used to inform management decisions 
concerning nutrient regulations.  In addition, the estimates may be used to improve 
nutrient loading estimates.  Currently, nutrient loading tends to be estimated based on 
continuous streamflow measurements along with periodic measurements of nutrient 
concentrations, using a statistical method that relates concentration to streamflow or 
using some level of temporal averaging of streamflow, concentration or both (e.g. Cha 
et al. 2010; Alameddine, Qian, and Reckhow 2011; Dolan, Yui, and Geist 1981; Johnes 
2007).  These estimates may be improved by using a geostatistical approach.  The 
method used here is equivalent to ordinary kriging, which provides the Best Linear 
Unbiased Estimate (BLUE) based on surrounding observations (Isaaks and Srivastava 
1989). 
Future work could improve upon our model in a couple of ways.  First, the temporal 
component of the geostatistical model may be improved by including some additional 
information in the time-dependent estimates, such as a regression on flow (Dolan, Yui, 
and Geist 1981) or temperature (e.g. Alameddine, Qian, and Reckhow 2011).  Flow 
could be included only at the locations where it is measured, or at all monitoring stations 
using some statistical flow estimation method (e.g. Hughes and Smakhtin 1997).  The 
spatial component of the geostatistical model could may be improved by using a river 
metric (Money, Carter, and Serre 2009a; Money, Carter, and Serre 2009b) to explain 
covariance rather than the isotropic model, based on Cartesian coordinates, used in this 
study.  
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APPENDIX A – LAND USE REGRESSION CANDIDATE EXPLANATORY 
VARIABLES 
Data	  Description	   Units	   Variable	  Type	   Data	  Source	  
Nitrogen	  fertilizer	  applied	  to	  
farmland	  (Average	  1982-­‐1997)	  
kg/yr	   nonpoint	  src	   pubs.usgs.gov/sir/2006/5012/	  
Sum	  of	  farm	  fertilizer	  (as	  above)	  /	  
monitoring	  station	  flow	  
kg/m^3	   nonpoint	  src	   pubs.usgs.gov/sir/2006/5012/	  
Nitrogen	  fertilizer	  applied	  to	  non-­‐
farm	  land(Average	  1982-­‐1997)	  
kg/yr	   nonpoint	  src	   pubs.usgs.gov/sir/2006/5012/	  
Sum	  of	  non-­‐farm	  fertilizer	  (as	  
above)	  /	  monitoring	  station	  flow	  
kg/m^3	   nonpoint	  src	   pubs.usgs.gov/sir/2006/5012/	  
Nitrogen	  in	  manure	  from	  livestock	  
production	  (Average	  1982-­‐1997)	  
kg/yr	   nonpoint	  src	   pubs.usgs.gov/sir/2006/5012/	  
Sum	  of	  manure	  (as	  above)	  /	  
monitoring	  station	  flow	  
kg/m^3	   nonpoint	  src	   pubs.usgs.gov/sir/2006/5012/	  
Atmospheric	  Deposition	  (Average	  
1985-­‐2001)	  
kg/yr	   nonpoint	  src	   pubs.usgs.gov/sir/2006/5012/	  
Sum	  of	  farm	  fertilizer	  (as	  above)	  /	  
monitoring	  station	  flow	  
kg/m^3	   nonpoint	  src	   pubs.usgs.gov/sir/2006/5012/	  
SwineAOP	  design	  capacity	   animals	   point	  source	   www.nconemap.com/	  
PoultryAOP	  design	  capacity	   animals	   point	  source	   www.nconemap.com/	  
Cattle	  AOP	  design	  capacity	   animals	   point	  source	   www.nconemap.com/	  
Swine	  Lagoons	   unitless	   point	  source	   www.nconemap.com/	  
Waste	  Treatment	  Residual	  Fields	   unitless	   point	  source	   NCDENR	  
2006-­‐2010	  Average	  Population	  
Density	  
people/mi
^2	  
nonpoint	  src	   www.census.gov/	  	  
Load	  from	  NPDES	  Permitted	  
Dischargers	  (2007)/	  monitoring	  
station	  flow	  
kg/m^3	   point	  source	   cfpub.epa.gov/dmr/everyday_c
riteria.cfm	  
Septic	  System	  Density	  (1990)	   Sewers/m
i^2	  
nonpoint	  src	   www.census.gov	  
Septic	  System	  Loading	  /	  
monitoring	  station	  flow	  
kg/m^3	   nonpoint	  src	   www.census.gov/	  
NLCD	  Open	  Developed	   percent	   nonpoint	  src	   www.mrlc.gov/nlcd2006.php	  
NLCD	  Low	  Density	  Developed	   percent	   nonpoint	  src	   www.mrlc.gov/nlcd2006.php	  
NLCD	  Medium	  Density	  Developed	   percent	   nonpoint	  src	   www.mrlc.gov/nlcd2006.php	  
NLCD	  High	  Density	  Developed	   percent	   nonpoint	  src	   www.mrlc.gov/nlcd2006.php	  
NLCD	  Cultivated	  Crops	   percent	   nonpoint	  src	   www.mrlc.gov/nlcd2006.php	  
NLCD	  Pasture/Hay	   percent	   nonpoint	  src	   www.mrlc.gov/nlcd2006.php	  
	   	   	   	  
Soil	  Available	  Water	  Capacity	  
(Layer	  Average)	  
cm	   Attenuation	   www.soilinfo.psu.edu	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Soil	  Depth	  to	  bedrock	   cm	   Transport	   www.soilinfo.psu.edu	  
Hydrologic	  Soil	  Group	  A	   percent	   Attenuation	   www.soilinfo.psu.edu	  
Hydrologic	  Soil	  Group	  B	   percent	   Attenuation	   www.soilinfo.psu.edu	  
Hydrologic	  Soil	  Group	  C	   percent	   Transport	   www.soilinfo.psu.edu	  
Hydrologic	  Soil	  Group	  D	   percent	   Transport	   www.soilinfo.psu.edu	  
Soil	  Permeability	  (Layer	  Average)	   cm/hr	   Transport	   www.soilinfo.psu.edu	  
Soil	  pH	   pH	   Transport	   www.soilinfo.psu.edu	  
Percent	  Histosol	  Soils	   %	   Attenuation	   www.soilinfo.psu.edu	  
Slope	   unitless	   Transport	   ned.usgs.gov	  
Topographic	  Wetness	  Index	   unitless	   Transport	   ned.usgs.gov	  
Surface	  Water	  Withdrawals	   Mgal/day	   Transport	   water.usgs.gov/watuse/	  
Groundwater	  Withdrawals	   Mgal/day	   Transport	   water.usgs.gov/watuse/	  
Total	  Water	  Withdrawals	   Mgal/day	   Transport	   water.usgs.gov/watuse/	  
NLCD	  Deciduous	  Forest	   percent	   Attenuation	   www.mrlc.gov/nlcd2006.php	  
NLCD	  Evergreen	  Forest	   percent	   Attenuation	   www.mrlc.gov/nlcd2006.php	  
NLCD	  Forest	  -­‐	  Combined	  
Categories	  
percent	   Attenuation	   www.mrlc.gov/nlcd2006.php	  
NLCD	  Mixed	  Forest	   percent	   Attenuation	   www.mrlc.gov/nlcd2006.php	  
NLCD	  Herbaceous/Grassland	   percent	   Attenuation	   www.mrlc.gov/nlcd2006.php	  
NLCD	  Woody	  Wetland	   percent	   Attenuation	   www.mrlc.gov/nlcd2006.php	  
NLCD	  Herbaceous	  Wetland	   percent	   Attenuation	   www.mrlc.gov/nlcd2006.php	  
NLCD	  Wetlands	  -­‐	  Combined	  
Categories	  
percent	   Attenuation	   www.mrlc.gov/nlcd2006.php	  
NLCD	  Open	  Water	   percent	   Attenuation	   www.mrlc.gov/nlcd2006.php	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APPENDIX B – VARIABLE SELECTION VALIDATION 
Table 4.  Variables selection 10-fold cross-validation. 
Variable Type Range 
(km) 
Times 
selected 
In Overall 
model 
Constant    yes  
Percent Developed Open Source 50 km  10 yes 
Manure Mass Source 50 km 10 yes 
NPDES Point Source 
Load 
Source 50 km 10 yes 
Wastewater Treatment 
Residuals 
Source 50 km 10 yes 
Septic System Density Source 50 km 7 yes 
Surface Water 
Withdrawals 
Attenuation 2 km 
 
10 
 
yes 
Hydrologic  Soil Group C Transport 2 km 10 yes 
Groundwater 
Withdrawals 
Transport 4 km 1 no 
Percent Developed 
Medium 
Source 50 km 2 no 
FarmMass Souce        1km 1 no 
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APPENDIX C – LAND USE REGRESSION PREDICTED REDUCTION IN TIME-
AVERAGED NITRATE CONCENTRATION WITH EACH SOURCE VARIABLE 
REMOVED 
 
Figure 7.  Percent reduction in nitrate concentration estimated by setting all the 
percent developed open to zero. 
 
Figure 8.  Percent reduction in nitrate concentration estimated by setting all the 
manure mass to zero. 
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Figure 9.  Percent reduction in nitrate concentration estimated by setting all the load 
from NPDES point sources to zero. 
 
Figure 10.  Percent reduction in nitrate concentration estimated by setting all the 
waste treatment residual fields to zero. 
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Figure 11.  Percent reduction in nitrate concentration estimated by setting all the 
septic system density to zero. 
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APPENDIX D – TIME-SERIES OF NITRATE AT SEVERAL MONITORING STATIONS 
 
Figure 12. Station upstream from Durham WWTP on New Hope Cr. 
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Figure 13.  Station downstream from Durham WWTP on New Hope Cr. 
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Figure 14. Station on Cape Fear River downstream from Fayetteville/Ft. Bragg 
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Figure 15. Station on Yadkin River at High Rock, just downstream from reservoir. 
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